This study applies infrared (IR) spectroscopy to distinguish normal brain tissue from brain metastases and to determine the primary tumor of four frequent brain metastases such as lung cancer, colorectal cancer, breast cancer, and renal cell carcinoma. Standard methods sometimes fail to identify the origin of brain metastases. As metastatic cells contain the molecular information of the primary tissue cells and IR spectroscopy probes the molecular fingerprint of cells, IR spectroscopy based methods constitute a new approach to determine the primary tumor of a brain metastasis. IR spectroscopic images were recorded by a FTIR spectrometer equipped with a macro sample chamber and coupled to a focal plane array detector. Unsupervised cluster analysis of IR images revealed variances within each sample and between samples of the same tissue type. Cluster averaged IR spectra of tissue classes with known diagnoses were selected to develop a metric with eight variables. These data trained a supervised classification model based on linear discriminant analysis that was used to identify the origin of 20 cryosections including one brain metastasis with an unknown primary tumor.
Introduction
The metastatic cascade is the process by which the primary tumor detaches and forms deposits at a remote site, e.g., the central nervous system. The primary tumors that have the strongest tendency to form metastases in the brain are lung cancer, breast cancer, renal cell carcinoma, and colorectal cancer. In 10 to 20% of brain metastases patients the primary tumor is initially not known at the time of neurosurgery (1). In 5% of brain metastases patients the primary tumor remains unknown in spite of intensive screening (2). Beside tumor resection, the scope of neurosurgical procedures is to collect tissue specimens for diagnosis (3).
Histopathology complemented by immunohistochemistry is the standard method to diagnose brain metastases. Histopathology characterizes cell morphology and tumor differentiation by light microscopic examination of thin tissue sections that are stained by specific dyes such as hematoxylin and eosin (H&E). Unfortunately, most brain metastases are not differentiated in a way that enables histologically unambiguous assignment to the primary tumor. Immunohistochemistry can detect Technology in Cancer Research & Treatment, Volume 5, Number 3, June 2006 cell and tissue specific antigens by antibody reactions. Although a number of antibodies are available to classify the cell type, and in some cases even the organ of the primary tumor of undifferentiated metastases, its use is limited. The extracerebral primary tumor is the limiting factor for the prognosis of ca. 80% of the patients (4). Therefore, an early identification of the primary tumor is important to select an organ-specific therapy. It is widely accepted that such an optimized diagnosis would help to improve the outcome for the patients.
Each molecule possesses a specific IR spectrum that can be considered as its fingerprint. As biological tissues are complex compositions of molecules such as proteins, nucleic acids, and lipids, IR spectra of tissues represent fingerprint-like signatures with spectral contributions of all constituents. Consequently, IR spectroscopy has been shown to monitor molecular structures and cellular chemistry, and this information can be utilized for tumor diagnostics (5) . Advantages of IR spectroscopic based techniques include that they require minimal or no sample preparation and they can be implemented for automation and high throughput since spectral data can be collected and interpreted by computer controlled algorithms. With the introduction of IR imaging spectrometers (6) the spectral information was combined with lateral information that could be obtained within minutes. To achieve high lateral resolution, IR imaging spectrometers were coupled to IR microscopes. IR spectroscopic imaging studies in transmission mode have been reported on the visualization of silicone gel in breast tissue (7), on rat brain tissue (8), on collagen and proteoglycan in cartilage (9, 10), on the determination of CO 3 2in bone mineral (11), on breast tumor tissue (12), on colorectal adenocarcinoma (13), on germinal centers in spleen (14), on tissue microarrays of prostatic tissue (15), on primary brain tumors (16), and on squamous cell cervical carcinoma (17).
In the present study, the IR imaging spectrometer is coupled to a macro sample chamber instead of a microscope in order to probe a 4×4 mm 2 area per image. Objective is to distinguish normal brain tissue from brain metastases and to identify the primary tumor of brain metastases from renal cell carcinoma, lung cancer, colorectal cancer, and breast cancer. Inherent biological variances constitute a severe problem for developing supervised classification algorithms based on IR spectroscopic images. Intra-sample variances can be observed if tissue specimens are inhomogeneous and encompass several tissue types. Inter-sample variances can occur between specimens from different patients with the same diagnosis. Therefore, the first part describes how training data were extracted from IR images that consider these variances and accurately represent the diagnostic features of normal brain tissue and brain metastases. In the second part a classification model based on linear discriminant analysis is developed and used to assign 20 IR images. Finally, the accuracy of the classification model is discussed.
Materials and Methods

Tissue Samples
All experimental procedures were approved by the Human Ethics Committee of the Dresden University of Technology. Normal brain specimens were obtained postmortem during autopsies. Tumor specimens were obtained from patients during neurosurgery in the period between February 2000 and March 2003. Fresh samples were snap frozen in liquid nitrogen immediately after tumor resection without fixatives and anti-freeze media. 10 μm tissue sections were prepared by a cryotome. These sections were transferred onto a glass slide for histopathologic assessment after H&E staining and onto an IR transparent calcium fluoride slide for IR spectroscopy in transmission mode. All tissue sections were dried on air before further processing. Light microscopic images from tissue sections were recorded by an inverted microscope Olympus IX70 and a digital camera.
Data Collection
Fourier transform infrared (FTIR) spectrometers with focal plane array (FPA) detection combine the multiplex advan- Figure 1 : Gray-scaled IR spectroscopic image (A) and photomicrograph of an unstained cryosection of brain metastasis of renal cell carcinoma RCC2 (B). Overlay of IR spectra from 950 to 1800 and from 2750 to 3600 cm-1 representing the black, dark gray and light gray clusters (C). Spectra are offset corrected. tage of the Michelson interferometric Fourier transform technique and the multichannel advantage of an imaging system. Specifically, the multiple detector elements enable to collect all spectra simultaneously, while the interferometer portion of the system allows to measure all spectral features concurrently. Here, IR spectroscopic images were recorded using a Bruker FTIR spectrometer IFS66/S equipped with a FPA detector of 64×64 pixels (Bruker Optik, Ettlingen, Germany). Coupling to the macro chamber IMAC (Bruker) gave a field of view of 4×4 mm 2 with lateral resolution of 63×63 μm 2 per pixel. The FTIR spectrometer and the sample chamber were continually purged by dry air from air purifiers. Images of 4096 IR spectra at 4 cm -1 spectral resolution were acquired by coadding 21 interferograms by the OPUS software (Bruker) operating the FPA in continuous scan mode. Recording time took approximately four minutes per image. The single beam spectra of each sample IR image were ratioed against the spectra of a background IR image from a neat calcium fluoride slide and converted to absorbance.
Data Preprocessing
Spectral data sets were imported into MatLab (The Matworks, Natick, MA, USA). Data pretreatment was performed by inhouse written routines. A spectral offset was subtracted from each spectrum. Low absorbance spectra with poor signal to noise ratios were removed from further analysis because they mainly originate from holes and fissures in tissue sections or from defect pixels of the FPA detector due to delamination. Outlier spectra from impurities or with high background due to scattering effects were identified by cluster analysis and the corresponding clusters were removed.
Cluster Analysis
Cluster analysis identifies regions of the sample that have similar spectral response by clustering the spectra into groups or clusters such that differences in the intra-cluster spectral responses are minimized while simultaneously maximizing the inter-cluster differences between spectral responses. The unsupervised classification method k-means cluster analysis, which is implemented in the MatLab environment, used an Euclidean distance metric and data normalization by the multiplicative scattering method. The algorithm was initiated by choosing the number of clusters. The initial spectra for the cluster centers were taken randomly from the spectral data set. All spectra were then compared with these cluster centers, a new cluster was calculated by taking the mean of all spectra that were assigned to that cluster. This procedure was repeated until a stable solution was reached.
Figure 2:
Overlay of IR spectra from 950 to 1800 and 2750 to 3600 cm -1 representing white matter of normal brain specimens N1, N2, and N3. Spectra are offset corrected and normalized to the band near 1655 cm -1 (A). IR spectra of a brain metastases of renal cell carcinoma (trace 1), gray matter of normal brain tissue (trace 2), brain metastases of breast cancer (trace 3), of lung cancer (trace 4), and of colorectal cancer (trace 5). Spectra are offset corrected, normalized to the band near 1655 cm -1 , corrected by the multipoint baseline shown in (A), and shifted for display to avoid overlap (B). 
Linear Discriminant Analysis
Positions and intensities of selected bands are determined, which discriminate a specific number classes or groups of objects. These spectral features define a metric that will be further described in the experimental section. Data of specimens with known diagnosis are used to train a supervised classification model based on linear discriminant analysis, LDA [Discrim Toolbox (18)]. The algorithm calculates (K−1) discriminant functions that optimally separate K classes (19). The classification model was applied to IR images as test objects and the resulting class memberships were color coded so that color-coded images could be assembled for visualization. Figure 1 compares the result of the cluster analysis of the IR spectroscopic image (A) and the photomicrograph of an unstained cryosection from a brain metastasis of renal cell carcinoma RCC2 (B). The cluster memberships are represented by gray shades, so the IR spectroscopic image could be correlated to the morphology of the tissue section. The cluster-averaged IR spectra of the three tissue regions are shown in Figure 1C . After offset correction, main spectral differences are evident from 950 to 1200 cm -1 and from 1500 to 1700 cm -1 . Bands at 1026, 1080, and 1153 cm -1 are maximum in the black spectrum of the black cluster and minimum in the light gray spectrum of the light gray cluster. This spectral signature is indicative of glycogen, which is expressed by cancerous renal cells of the brain metastasis at different concentrations. As the IR spectra of normal brain tissue and brain metastases of lung cancer, breast cancer, and colorectal cancer in Figure 2 do not contain these spectral features at 1026, 1080, and 1153 cm -1 , they can be considered as molecular markers for brain metastases of the primary tumor renal cell carcinoma.
Results
Intra-sample Variances within Cryosections
On the other hand, bands at 1542 and 1655 cm -1 are maximum in the light gray spectrum and minimum in the black spectrum. These bands are assigned to the amide II and amide I vibrations of the peptide groups of proteins, respectively. That means, maximum protein concentration correlates with minimum glycogen concentration in this IR image and vice versa. The band at 3290 cm -1 contains spectral contributions of proteins (Amide A) and glycogen (OH stretch vibrations). The protein and glycogen properties, which are evident in the IR image, are not visible in the unstained cryosection of Figure 1B . Similar intra-sample variances within cryosec- tions also occur in other specimens although the tissue type and diagnosis are identical. Figure 2A compares cluster-averaged IR spectra of white matter from three normal brain tissue samples after offset subtraction and intensity normalization to the amide I band at 1655 cm -1 . The normalization procedure compensates for different intensities due to different thickness. Consistent with previous results (20), intense lipid bands at 1060, 1233, 1466, 1735, 2850, and 2920 cm -1 indicate a high lipid concentration in white matter. Intensity changes of these bands demonstrate inter-sample or patient-to-patient variances between specimens of the same tissue type. As similar intensity changes are also observed for other tissues, a classification model should be trained to consider both intra-sample and inter-sample variances. Figure 2B compares cluster-averaged IR spectra of a brain metastasis of renal cell carcinoma (trace 1), gray matter of normal brain tissue (trace 2), brain metastases of breast cancer (trace 3), of lung cancer (trace 4), and of colorectal cancer (trace 5) after intensity normalization to the amide I band near 1655 cm -1 and baseline subtraction. The multipoint baseline is indicated in Figure 2A as dotted lines from 950 to 1480 to 1760 cm -1 and from 2750 to 3600 cm -1 . The spectra are shifted to avoid overlap.
Inter-sample Variances Between Cryosections of the Same Tissue Type
Tissue-specific Variances
Consistent with previous results (20), the IR spectrum of gray matter shows less intense lipid bands than white matter, but more intense lipid bands than brain tumors. Except for the IR spectrum of renal cell carcinoma with pronounced spectral contributions from glycogen, the IR spectra of the other brain metastases in Figure 2B are similar at first sight. However, careful inspection reveals significant differences. For brain metastases of breast cancer the intensity at 1735 cm -1 is minimum (arrow in trace 3) which can be assigned to carbonyl vibrations (C=O) of ester groups. For brain metastases of lung cancer the amide II band is increased and the amide I band broadens at the low wavenumber shoulder near 1625 cm -1 (arrows in trace 4), which points to changes in protein conformation. For brain metastases of colorectal cancer the intensity near 1400 cm -1 is minimum, which is tentatively attributed to deprotonated carboxyl groups (arrow in trace 5). These IR bands are candidates to develop a metric for the distinction of normal and tumor tissue and the identification of the primary tumor based on LDA. They are labeled in Figure  2B , and their assignment are summarized in Table I .
Second Derivatives of IR Spectra
First and second derivatives of IR spectra were calculated in related studies in order to compensate for unspecific background or offset instead of subtracting a baseline. The derivatives can be used as input for unsupervised segmentation by cluster analysis (13). The second derivatives in Figure 3 were calculated according to the Savitzky-Golay method with five convolution points. As individual IR spectra extracted from IR images of tissue sections with the selected acquisition parameters have typical signal to noise ratios (SNRs) of 400, the second derivatives are dominated by noise (Fig. 3,  top) . The SNRs increase in cluster averaged IR spectra to 2000 to 4000 depending on the number of averaged spectra and signal intensity. Consequently, the signature of the second derivative is less affected by noise (Fig. 3, bottom) . Minima at 1545, 1625, 1656, 1738, and 2850 cm -1 indicate the position of bands that have been recognized as diagnostic markers (Table I) . Beside background compensation, another advantage of derivatives is that some spectral contributions are better resolved, e.g., the shoulder of the amide I band near 1625 cm -1 in IR spectra of brain metastases of lung cancer. However, the second derivatives of broad bands give only weak signals, such as the intense amide A band near 3290 cm -1 whose derivative signal is hidden within the noise level. The concept of calculating derivatives from IR image and subsequent supervised LDA classification based on marker bands in individual IR spectra is strongly impaired by the relative low SNR. Application of smoothing procedures or a larger number of convolution points will significantly alter the spectral information. Therefore, the derivative option was not used here. A multipoint baseline was subtracted from the raw spectra to compensate for spectral background and to retain as much spectral information as possible. From a mathematical point of view the information content of raw spectra are equal or higher than of derivatives, that means the information content cannot increase in derivatives.
LDA Classification Model
A LDA classification model was developed to distinguish the following six classes: gray matter and white matter of normal brain tissue, brain metastases of renal cell carcinoma (RCC), of lung cancer (LC), of colorectal cancer (CC), and of breast cancer (BC). Three cluster-averaged IR spectra per class were selected as training data that represent the intraand inter-sample variances as shown in Figures 1C and 2A .
The IR spectra were baseline corrected before ten intensities were determined as shown in Table I , and the following eight intensity ratios were calculated: (1030+1153) /1655, 1080/1655, 1400/1655, 1542/1655, 1629/1655, 1735/1655, 2850/1655, and 3290/1655 . The intensities were rationed against the amide I maximum near 1655 cm -1 for normalization. According to the Beer law, absorption depends on the sample thickness, which might vary slightly within tissue sections and between specimens. Upon normalization to a single band, intensity variations are compensated whereas the relative intensity ratios are conserved. As the most intense contributions in IR spectra of brain tissue are assigned to proteins, the most intense protein band was selected as an internal intensity standard for obvious reasons.
These parameters of altogether 18 IR spectra form a metric, which was used to train the LDA model. The classification procedure involved the following steps: (i) spectra were removed from IR images according to the filtering criteria during preprocessing, (ii) a multipoint baseline was subtracted from each spectrum, (iii) ten intensities were determined, (iv) the metric was calculated from the eight intensity ratios, and (v) the data were subjected to the LDA model. The color-coded classification results of five IR images are graphically displayed in Figure 4 . The classification results of these five IR images and 15 additional IR images in numerical form are summarized in Table II .
Normal brain tissue N2 (Fig. 4A ) was assigned to white matter (74.2%) and to gray matter (21.2%). False positive classifications to brain metastases occur mainly in gray matter. Few IR spectra were assigned to RCC (3.6%) or LC (1%). N3 is dominated by white matter (95.2%) with only a small fraction of gray matter (4.6%). Conversely, N1 contains mainly gray matter (76.5%) with a small fraction of white matter (22.2%). False positive assignments are in N1 (altogether 1.3%) and in N3 (0.2%) even less than in N2 (altogether 4.6%).
RCC2 (Fig. 4B ) which was already segmented by cluster analysis (Fig. 1B) was assigned to RCC with 95.7% accuracy. Incorrect classifications occur mainly near the tissue borders. Only 3% of spectra were assigned to LC. False negative classifications to normal brain tissue were in the order of 1.1%. Similar correct classification rates were obtained for RCC5 (100%), RCC1 (95.5%), and RCC3 (77.8%). The classification rates were smaller for RCC4 (38.7%), RCC6 (46.3%), and RCC7 (46.4%) because spectral contributions of glycogen as the main IR spectroscopic marker are reduced and these specimens also contain significant fractions of normal tissue.
RCC7 deserves special attention as the primary tumor could not be identified unambiguously by standard methods. It was graded as "suspicious to renal cell carcinoma or lung cancer." The LDA classification of the IR image segmented the specimen into three main parts ( Fig. 5B) : normal brain tissue consisting of white (10%) and gray matter (11%) near the top, RCC (46%) at the bottom and other tissues (33%) between normal tissue and RCC. The detection of glycogen and the maximum classification rate for RCC strongly confirm that the primary tumor of the brain metastasis is renal cell carcinoma. A histopathologic evaluation of the H&E stained tissue section (Fig. 5C ) revealed that the intermediate zone between RCC and normal brain tissue is a mixture of necrosis, cerebral gliosis, and isolated tumor cells without accumulation of glycogen. Such a tissue class has not been included in the classification model yet. This might explain the incorrect classifications to BC, CC, and LC. The normal areas were confirmed to be brain tissue with edema, reactive gliosis, and without solid tumor areas. CC2 (Fig. 4C ) was assigned to CC with 74.3% accuracy. A significant overlap exists as 17.1% of the spectra were assigned to BC. The misclassifications are located throughout the IR image. Similarly, beside correct classifications of 81% and 68.3% for CC1 and CC4, respectively, 17.1% and 14% of spectra were incorrectly classified to BC. For CC3 the number of BC-assigned spectra (53%) is even higher than for CCassigned spectra (33.4%), which constitutes the only erroneous identification of the primary tumor within the 20 test data. Possible explanations for this overlap are that (i) the IR spectra of the groups CC and BC are very similar, (ii) according to Table I the spectroscopic features specific for each group are described by just one band per group, (iii) and these bands near 1400 and 1735 cm -1 show relative weak intensities.
A less overlap is observed for BC2 ( Fig. 4D ). 86.3% of spectra were correctly assigned to BC whereas 7.8% of spectra were incorrectly assigned to CC. Most incorrect assigned spectra in BC2 are located near tissue borders. The results are comparable for BC1 (89% BC, 9% CC) and BC3 (88% BC, 11% CC). Misclassifications of BC1, BC2, and BC3 spectra to normal brain tissue, to RCC or to LC did not exceed 4%.
Specimen LC2 (Fig. 4E ) could be completely imaged as its dimension was smaller than 4×4 mm 2 . 82.7% of spectra were assigned to LC. The correct classifications decrease slightly to 71.7% for LC1 and 70.4% for LC3. Some overlap is observed with gray matter, RCC, CC, and BC, however without a clear tendency.
Discussion
Recent reviews have reported biomedical applications of IR spectroscopy including its potential to complement histopathology as an independent method of tissue evaluation (5, 21, 22) . The current proof-of-principle study demonstrates that IR spectroscopic imaging in combination with multivariate classification algorithms can identify the primary tumor of a brain metastasis. If the criterion is defined that the majority of spectral classification determines the tissue class, then three out of three normal brain tissue samples and 16 out of 17 brain metastases were correctly classified. IR images of larger numbers of samples are required for further patient comparisons. As mentioned in the experimental section, specimens until March 2003 were included in this study. In a forthcoming study the classification model will be evaluated by specimens collected since April 2003.
Incorrectly assigned IR spectra represent the measurable error, e.g., due to spectral noise, impurities of other cell types, model deficiencies, or an unknown brain metastasis. The LDA model can only give reasonable results if the brain metastasis belongs to a primary tumor that is described by the model. If the brain metastasis originated from a primary tumor, which is not included in the model, the classification approach fails. To overcome this restriction, it is required to record IR images of other frequent primary tumors of brain metastases, such as malignant melanomas and include them to the classification model. Physical effects can overlap with the chemical information in IR spectra, which is another source for misclassification, e.g., an increase in the amide II intensity versus amide I intensity due to dispersion can often be associated with areas where the actual tissue is thinner (23). This effect might contribute to the incorrect classifications near the borders of BC2 (Fig. 4D) whereas the inner part of BC2 was correctly assigned. However, dispersion effects did not constitute a severe problem in this study as they are usually weak in IR spectra of tissue sections on calcium fluoride in transmission mode.
Inspection of the IR spectra revealed eight spectroscopic features as molecular descriptors for the tissue types in this study. They are widely distributed throughout the spectra and some of the differences are hard to distinguish. Therefore, a multivariate classification model was developed that was able to recognize the specific molecular descriptors and which utilized them for classification. In particular, the high lipid content of normal brain tissue, the glycogen accumulation of brain metastases from renal cell carcinoma and changes of protein conformation in brain metastases of lung cancer have been identified as molecular fingerprints. The chemical properties in the amide I and amide II bands can be distinguished from physical effects, which are mentioned in the previous paragraph, because they occur in all specimens throughout the tissue section. The spectral markers for brain metastases of breast cancer and of colorectal cancer are less pronounced leading to some overlap in the LDA classification between these classes and even one incorrect assignment. The accuracy of the classification model might be improved if more spectroscopic features are included to the metric as molecular descriptors. A related approach for the histopathologic recognition of prostatic tissue by IR spectroscopy used a metric of 20 spectroscopic features (15). Another way of improvement would be to utilize a different supervised classification algorithm. In an accompanying paper (24) the data will be analyzed by the SIMCA algorithm (soft independent modeling of class analogies).
IR spectroscopic applications such as investigating the germinal centers in spleen (14) or squamous cell carcinoma of cervix uteri (17) required a high lateral resolution near the single cell level that was achieved by coupling the IR imaging spectrometer to a microscope. However, the microscopic configuration with 15× magnification of our spectrometer, which is described in the experimental section, reduces the field of view to 267×267 μm 2 . If the sample area exceeds 267×267 μm 2 , a series of IR images have to be recorded by moving the sample stage in increments of 267 μm. This procedure extends the total acquisition time and generates large amount of data. The advantage of IR spectroscopic imaging in the macro chamber is that 4×4 mm 2 sample areas can be probed in just few minutes so the heterogeneity of the specimens can be assessed with a lateral resolution of 63 μm. Here, this lateral resolution was sufficient to identify the molecular information of the main tissue types which enables their classification. The presented IR macroscopic approach can be combined with IR microscopic imaging at selected positions in order to resolve morphological details at higher magnification such as the transition from normal tissue to tumor or glandular structures in metastases of adenocarcinomas. This information will further improve IRbased tissue classifications in the future.
This study demonstrated that a combination of IR spectroscopic imaging with multivariate feature extraction and classification methods has the clear potential of providing the histopathologist with a new rapid tool for the diagnosis of brain tumors. This concept can be transferred to other biological applications making IR spectroscopic imaging a versatile analytical technique. The macro option further increases its applicability.
